UGC (User-generated content) websites routinely deploy incentive hierarchies, where users achieve increasingly higher status in the community after achieving increasingly more difficult goals, to motivate users to contribute. Yet the existing empirical literature remains largely unclear whether such hierarchies are indeed effective in inducing user contributions. We gathered data from a large online crowd-based knowledge exchange to answer this question, and drew on the goal setting theory to study users' contributions before and after they reach consecutive levels of a vertical incentive hierarchy. We found evidence that even though these "glory"-based incentives may motivate users to contribute more before the goals are reached, user contribution levels dropped significantly after that. In other words, the cumulative effect appears only temporary. Our results hence highlight some unintended and heretofore undocumented effects of incentive hierarchies, and have important implications for business models that rely on user contributions, such as knowledge exchange and crowdsourcing, as well as the broader phenomenon of "gamification" in other contexts.
Introduction
From ecommerce websites to online communities, many websites today depend heavily on user-generated contents (henceforth UGC); they regularly rely on voluntary contributions from a fluid membership to generate sufficient contents, and these contents serve to attract new members and retain old ones. The reach of such sites is only limited by imagination, ranging from wikis, blogs, social networking sites, consumer review sites, online games, to question-and-answer platforms. Regardless of the nature of contents, a fundamental issue for such websites is virtually the same: How do we motivate these users to continue participating in the site, and voluntarily contribute new content?
This issue is challenging due to the fundamental public goods problem inherent in user-generated content: one need not contribute their effort to enjoy the benefit of these UGC sites. A classic example is product reviews (Chen et al. 2010) . From the perspective of a review writer, he or she expends the costs (time and efforts) but may not fully realize the benefits of providing the reviews. The "public goods" nature of user-generated contents will, as economic theories predict, lead to an undersupply of such contents. While the long memory of the "Internet" can capture and accumulate some whimsical moments of kindness-and thereby allowing more people to benefit from someone else's efforts-the provision of timely information or contents can be highly challenging to sustain the growth of UGC sites. Naturally, the key to resolve this "public goods" problem is to increase the rewards for contributing users so that they can better "internalize" some benefits of their contributions. Several aspects of such internalization can emerge endogenously. In the context of open-source software development, for example, Roberts et al. (2006) showed that even if users are not explicitly compensated for their efforts on one site, they may still be able to build up their profile or reputation to improve their offline employment prospects. Furthermore, Hann, Roberts and Slaughter (2013) found that merit-based ranking in online communities is associated with increase in offline earnings, especially for certain types of offline employment. Unfortunately, however, such endogenous internalization may not be available for all user-generated content sites, and it may only be useful for some extremely well-known members of the site. More importantly, from the perspective of site managers, this is beyond their control.
For these reasons, more and more UGC sites adopt "incentive hierarchies," where users can accumulate points for their voluntary contributions, and be awarded various accolades as their cumulative points pass increasingly higher thresholds. These mechanisms seek to help users internalize at least some benefits of providing "public" goods by recognizing them in front of their peers on the site, and by bestowing certain glory, honor, or bragging rights. Similar systems can be found in a variety of contexts (e.g. Hann et al. 2013 ).
However, despite its popularity in practice, there has been little systematic empirical research on whether such incentive hierarchies actually induce user contributions. The goal of this paper is to empirically investigate this question in the context of an online knowledge exchange, where users can ask technology-related questions and seek answers from their peer members. The asking members (henceforth "askers") can choose one or more answers as the solution, and those who provide the answers (henceforth "answerers") receive award points based on that. Once the answerer accumulates a sufficient number of points, their designation on the site will be elevated from "regular member" to "master" or other titles. We investigate whether this "meritocracy" type of incentive hierarchy actually induces users to more voluntarily contribute to the community, in the form of answering more questions posted by peers.
Since each level of the incentive hierarchy are intended as "goals" for users, we draw on the goalsetting theories in management to examine its effects on user contributions. In particular, goal-setting theories predict that user behaviors will be different before and after they reach each goal. They are likely to exert more effort before they reach goals than after (Heath et al. 1999) . We therefore examine the effect of the goals before and after the user reaches them in our context. Specifically, the research questions that we seek to address in this paper are:
How do users' contribution levels change before they reach goals? And

How do users' contribution levels change after they reach goals?
We conduct a large number of empirical tests to examine the effect of the goal, or distance from the goal threshold, on user contributions. We track a random sample of users over time and use panel-data methods to study this effect using a regression-discontinuity design and a distance-based model. We then complement this by exploiting an exogenous change on the site, a time at which the incentive hierarchy was originally introduced, and examine how this exogenously imposed hierarchical rankings (which led to exogenous variations in each user's distance to goals) affected user behavior. We find evidence that even though hierarchies may motivate users to contribute more before the goals are reached, their effort levels drop significantly after that. Hence, the positive effect of goals in the incentive hierarchies appears only temporary.
Our study is one of the first to apply goal-setting theories to study the effect of incentive hierarchies in a user-generated content site, and to document several surprising findings. Our findings challenge the common wisdom that incentive hierarchies are effective in inducing user contributions; rather, after goals are reached, users exhibit signs of complacency and are not motivated to make further progress. These findings have important implications not only for crowd-based knowledge sharing or question-and-answer websites, but also for other situations where similar incentive hierarchies are used, such as the recent phenomenon of "gamification" in a wide range of contexts. Our study also contributes to the empirical literature on goal-setting by examining the effects of several consecutive goals, rather than just one goal, as has been the case in prior literature.
The rest of this paper is organized as follows. Section 2 reviews related literature to derive hypotheses. Section 3 provides details on the research context, and in Section 4 we describe our data and model specifications. Empirical results, robustness checks and alternative specifications are presented in Section 5. In Section 6, we discuss the implications and limitations of this study and conclude the paper.
Theoretical Background and Hypotheses
Literature Review
This section reviews related literature for our study. We begin by reviewing two streams of literature, i.e. goal pursuit and prospect theories of goal behaviors, as they directly inform our empirical tests. We then discuss some recent, ongoing research work by other researchers on related topics, and how our study differentiates from theirs.
Goal Pursuit Literature
Psychologists have been investigating goal pursuit behaviors for more than half a century (e.g. Hull 1932 , Miller 1944 , Earley et al. 1989 , Louro et al. 2007 , Koo and Fishbach 2008 , Liberman and Förster 2008 , Bonezzi et al. 2011 . One of the earliest empirical studies in this extensive literature (Hull 1932) reported experimental findings that rats ran faster when they were closer to the food, providing one of the earliest evidence that distance to goals affects effort levels. Such goal pursuit behaviors readily extend to human beings, since we are able to anticipate consequences of goals and exert effort to achieve goals (Lewin et al. 1944 ). Interestingly, many later studies in this literature focus on the presence or absence of goals, rather than the distance from them. For example, Locke's goal-setting theory (1967 Locke's goal-setting theory ( , 1968 suggested that individuals achieve higher performance in the presence of goals (for a review, see Locke and Latham 2002) . Empirical evidence obtained from a wide range of contexts such as negotiation, driving, logging, and reading consistently showed that specific goals lead to higher performance, even if the goals are challenging (Tubbs 1986 , Mento et al. 1987 , Locke and Latham 2002 . Further, researchers verified that the "specific, challenging goals" has a stronger effect on performance than the "do-your-best" setting, while goal difficulty has a positive influence on level of effort and performance (Tubbs 1986 , Mento et al. 1987 , Locke and Latham 1990 ).
While the above literature yielded many interesting insights, it is the original goal-gradient hypothesis (Hull 1932 ) that bears more relevance to our research questions, since we are interested in the distance from goals. Researchers have empirically examined the effect of goal proximity in several contexts such as loyalty reward programs and sales tasks (Kivetz et al. 2006 , Cheema and Bagchi 2011 , Zhang and Huang 2010 , Huang and Zhang 2011 . However, perhaps with the exception of Bonezzi et al. (2011) , few studies considered individual motivations after goal attainment. We explicitly address this question using data from an online knowledge exchange.
Prospect Theory of Goal Behavior
Rooted in prospect theory in economic literature Tversky 1979, Tversky and Kahneman 1992) , the "reference point framework" provides another explanation for goal pursuit behavior. Heath et al. (1999) built a prospect theory model of goal pursuit. They demonstrated that when there exists a reference point (such as an assigned goal) that separates gains from losses, an individual tends to distort the value of an outcome psychologically (Heath et al. 1999) . Figure 1 shows that the value function in the prospect theory is S-shaped and nonlinear near the reference point. The curve is steeper in the loss region than it is in the gain region. The slope is maximized at the reference point, for it is increasing in the loss region and decreasing in the gain region.
[Insert Figure 1 about here]
The reference point framework of goal behavior illustrates that motivation is positively correlated with marginal value of progress (i.e. slope of value function). Heath et al. (1999) explained that individual has different emotions toward success (gain) and failure (loss), and is likely to exhibit loss aversion. In psychology, goals can serve as categorical cutoff points that separate regions into different levels. As a result, an individual will make counterfactual comparisons near these cutoffs (Medvec and Savitsky 1997) . The perception that "what might have been if I reached the cutoff point?" will affect an individual's response to actual performance. Individuals who have just reached one level are more satisfied than those who are in the same level but just miss the next level.
1 Following that logic, we infer that individuals who are close to achieving the goal (before goal attainment) perceive a greater marginal value of progress, thus exerting more effort. In contrast, individuals who have surpassed the goal (after goal attainment) perceive a lower marginal value of progress, therefore exerting less effort.
1 For instance, students who get 90.0 or above can get "A" in a course, while students who get from 80.0 to 89.9 can get "B." Paradoxically, students with 89 are less satisfied than those with 81, although eventually both groups of students get "B" in the course. Similarly, Medvec et al. (1995) reported the phenomenon that Olympic athletes who win silver medals were less satisfied than those who win bronze medals.
"Goals" have long been an implicit component of the prospect theory. In fact, behaviors in this literature often occur due to the uncertainty associated with prospect of attaining goals. The original study of prospect theory focused on decision making when comparing risky financial portfolios or gambles (Kahneman and Tversky 1979) , and suggested that goals may change an individual's perception of success likelihood. Larrick et al. (2009) demonstrated that specific goals induce risk-taking behavior in negotiation and decision-making tasks. Based on the same framework, Wu et al. (2008) highlighted that "moderately" difficult goals encourage individuals to "exceed the goal, but only by a very little," whereas extremely difficult goals hurt performance, especially for low-ability individuals.
More broadly, the theory of reference point and loss aversion has been applied to many other situations such as competition, motivation and performance (Berger and Pope 2011 , Pope and Schweitzer 2011 , Pope and Simonsohn 2011 , Koop and Johnson 2012 . In economics, the theory of referencedependent preference implies that individuals would behave differently from what neoclassical economic theory predicts (Bateman et al. 1997) . In particular, with explicit reference points (e.g. income target, sales goal), individuals tend to exhibit loss aversion in consumption (Bateman et al. 1997) , trading (Genesove and Mayer 2001) , and labor supply (Farber 2008, Crawford and Meng 2011) . Our study builds on these prior studies to examine the effect of goals as a reference point in the context of UGC sites.
Incentive Programs on UGC sites
We now briefly review the small but growing literature on user contributions in response to website designated goals. To the best of our knowledge, only two studies presented in recent conferences are related to the topic that we study, and they both use data from StackOverflow.com, a free, online question-and-answer website (different from our context) where users earn various badges on different aspects of their activities. Li et al. (2012) identified a short-term positive effect of winning new badges, i.e. users contribute more if they obtained new badges in the previous period. Another study (Anderson et al. 2013) argued that users increase efforts to obtain badges, and plotted user activities before and after that as empirical evidence. Our goal in this paper is to contribute to this emerging area by drawing on a new theoretical perspective that is highly relevant to this new empirical context, and providing more comprehensive and systematic empirical evidence. Our study is also based on a different website than theirs. More importantly, whereas these papers study a horizontally differentiated set of goals (i.e. different badges for different aspects of website activities), we study the effect of consecutive goals along a unified, vertical incentive hierarchy.
Hypotheses Development
Drawing on the theoretical literature reviewed in the previous subsection, we study the effect of incentive hierarchy as a set of platform-assigned goals. We propose our hypotheses under the "reference point"
framework (Heath et al. 1999 , Larrick et al. 2009 , Wu et al. 2008 ).
The key factor that makes a reference point important is the difference in the emotions of success and failure (Louro et al. 2007) . Loss aversion based on prospect theory implies that individuals will perceive more negative emotion from losses, than positive emotion from gains. Therefore, the marginal benefit of one unit of performance increase should be higher before attaining the goal than after (Heath et al. 1999 , Wu et al. 2008 ), and so is effort level. When incentive hierarchies exist, users who have exceeded thresholds can keep their title (designation) even if they do not contribute any further.
Consequently, at least when they are close to the threshold, their optimal decision is to "exceed the threshold, but only by a very little" (Wu et al. 2008) . On the other hand, after achieving certain goals, the users will be prompted by the system to attempt the next goal. However, they may have doubts about the attainability of new goals, and hesitate to make progress due to the sheer distance from the next threshold (Zhang and Huang 2010) . We hypothesize that users who have just exceeded the threshold will reduce their effort level; therefore, effort levels are higher before winning the ranks than after. This indicates that the short-term effect of achieving goals should be negative.
Hypothesis 1:
Contributors of user-generated-content (UGC) websites will reduce levels of effort once they reach goals in a hierarchy.
The goal-gradient hypothesis posits that motivation increases in proximity to goals (Hull 1932 , Kivetz et al. 2006 . The reference point framework yields a similar behavioral prediction on the relationship between distance to reference point (i.e. progress toward goal) and motivation. Specifically, the value function of prospect theory exhibits convexity in the loss region and concavity in the gain region, leading to the diminishing sensitivity property. Since the slope of the value function is steeper when closer to the threshold, the theory predicts that motivation should be higher when individuals are closer to the reference point (Heath et al. 1999 ). This also implies that the effect of progress to goal disappears when individuals are far away from the thresholds. Bonezzi et al. (2011) We next describe the website where we gathered the data.
Research Context
Our research context is a popular online knowledge exchange, where members ask questions and other community members provide answers, and the answers can be viewed by other members of the site.
Launched in the late 1990s, the website is a world-wide question answering platform mostly for ITrelated questions. As of early 2012, more than 100,000 users had contributed to the platform's knowledge repository by providing detailed solutions to more than 3 million questions raised by peer members of the site.
In a typical question answering process on this site (illustrated in Figure 2 ), an asker posts a technical question with assigned points (between 20 and 500 points). The number of points is determined by the asker based on level of difficulty and urgency. After answerers submit their comments, askers can select one or multiple comments as accepted solutions (with grading "A" "B" or "C") and allocate reward points to answerers. The number of final reward points that the answerers earn is determined by share of assigned points and grading. 2 This process is largely comparable to other online Q&A sites.
[Insert Figure 2 about here]
On this website, users are allowed to accumulate these reward points to obtain ranks in the hierarchy by answering questions or writing articles. Overall, the reward points from posting articles are negligible, for very few users have ever posted any articles. The platform provides two types of incentive hierarchies. The overall performance hierarchy accounts for total contributions to the market, while topicspecific hierarchies refer to users' expertise in certain topics, such as Windows XP or Perl Programming.
When numeric points exceed some predefined thresholds, users will obtain increasingly higher ranks such as "masters" at the first level (50,000 points), "gurus" at the second level (150,000 points), another title at the third level (300,000 points), and so on. The user's rank in the overall performance hierarchy is shown on the users' profile avatar, which appears next to the username on all comments that they made on the site, as well as their profile page. On the other hand, numeric total-point values and ranks in topic-specific hierarchies are only visible on the user's profile page. The overall performance hierarchy is much more conspicuous in the community than total-point values or topic-specific hierarchies, and much more likely to affect user behavior. We therefore focus on the overall hierarchy in this study.
Data and Methodology
In this section, we describe the dataset that we gathered for this study, and the empirical methods that we use to test our hypotheses.
Data
The platform provides a list of all the users who have earned reward points by providing accepted 
Main Variables and Summary Statistics
Dependent variables. The main outcome that we are interested in is the level of effort that users exert, and we study how the user's distance from hierarchical thresholds affects their efforts. We measure user effort in several ways. The first measurement is the number of questions that a user submitted their initial answers to in each period (i.e. Number of Questions Attempted), no matter whether the answers are accepted as correct or not. The platform allows answerers to come back to question pages and make additional comments at any time before the asker closes questions. It is reasonable to assume that the cost of submitting the first comment is the highest, because it involves the cost of reading and understanding the question. We consider additional comments as follow-up discussions for the same solution, so most of the effort is made at the first comment. Therefore, the outcome variable does not take into account questions that users had already posted answers to in previous periods.
We also consider two alternative measurements of user efforts. The first one aggregates the number of points that askers assigned to the questions that the user attempted in that period, or Number of Points Attempted. Since ranks in the goal-related hierarchy are defined by whether users' total-points have reached predefined thresholds, this provides a proper measure of actual effort toward the goals. The other measurement is "Number of Questions Solved," which captures the number of questions that the user was able to successfully solve in a given period. These measurements are used in various specifications.
Independent variables.
The key independent variable that we are interested in is the user's distance from hierarchical thresholds. A natural way of measuring this distance is to compute the difference between the number of points required of the certain hierarchical threshold (such as 50,000
points for the first rank) and the total points that each user had accumulated at the beginning of each period (TotalPoint). However, this metric does not reflect an important feature of this website: there can be a significant delay between the time that answerers submitted their solutions, and the time that askers accepted them. To meaningfully calculate the distance from goals as a motivator (or de-motivator) on user contribution, we need to include the points that the users can reasonably expect to receive from the solutions that they submitted previously, even if their solutions have not yet been accepted, in addition to the points that the answers had actually be awarded
5
. In Figure 3 , we conceptually illustrate the formation of "incoming points," caused by the time delay between submission and acceptance (of solutions).
[Insert Figure 3 about here]
To further illustrate this point, suppose an answerer had accumulated 40,000 points at the beginning of a time period( ), and suppose the threshold of the first level on the incentive hierarchy is 50,000 points. A "naive" measurement of distance would be 40,000 − 50,000 = −10,000 points.
However, the user may had submitted solutions to 5 questions in the previous period ( − 1) but the askers of those questions had not yet picked the "accepted" solution. Meanwhile, from his or her past experience on this site, this answerer could expect that at least half of the answers that he or she provided would be accepted by the asker. This is possible not only because of the answerer's experience, but also due to the technical nature of the site. Hence, the "perceived" distance that would affect the answerer's behavior in the next period ( ) was not the naive -10,000 points, but in fact shorter, because additional points (which we call "incoming" points) would come from the solutions that he or she had provided in the previous period. As a simplified example, assuming a 50% success rate in the answerer's historical performance, and a maximum 2,000 points per question to be awarded, the distance that would more realistically affect answerer behaviors should be −10,000 + 2,000 × 5 × ½ = −5,000 points.
More generally, in our analysis we measure the answerer's distance from threshold as a Modified Distance:
The "incoming" points are the points that users can reasonably expect to receive from those opening questions that they had submitted solutions to in the previous period. In turn, incoming points are calculated by multiplying the total number of possible points with the historical "success" rate of the answerer (in terms of probabilities of being selected as the right answer) and "quality" of the answer (in terms of the grade received):
Specifically, denotes user 's perception of success rate at time , which is updated by the user at each period. The metric
captures the variation in share of assigned points and grade of previously solved questions, which also varies across user and time. ∑ =1 denotes the sum of points assigned by askers to user 's opening questions at time .
In addition to the measurement of distance, we further add several control variables such as Tenure (number of weeks since registration) and Ask Count (number of questions asked). The descriptions of main variables used in our empirical analysis are presented in Table 1 .
[Insert Table 1 about here] [Insert Table 2 about here]
In Figure 4 , we plot the mean values of the main outcome variable, Number of Questions Attempted, at different total-point values. Our analysis focuses on the regions close to thresholds of goals, namely 50K and 150K points. At first glance, effort level shows a significant decline after reaching the first threshold, and it is relatively high near the second threshold. In the next subsection, we discuss the empirical model specifications that we use to test the hypotheses.
[Insert Figure 4 about here]
Model Specification and Estimation
To test our hypotheses, we built an empirical model specifying outcome variable as a function of relative distance (proximity) to goals and other covariates. Our aim was to identify a sudden change at reference point (for H1), and investigate tendency of effort levels near thresholds of goals (for H2A and H2B).
Inspired by identification in regression discontinuity design or regression kink design (Thistlewaite and Campbell 1960, Card et al. 2009 ), we proposed the following parametric polynomial model: , , and year dummies were incorporated as control variables. We included in the model to control for individual's seniority in the community. On the one hand, more senior users may know more about "answering questions efficiently." On the other hand, as time passes, users may get bored with question answering and reduce levels of effort.
reflects the cost of participation in the knowledge exchange, for users who ask questions are probably willing to answer questions. The calendar year dummies were also included. We included the terms, or individual fixed effects, to control for time-invariant individual heterogeneity, and assumed that is normally distributed with mean zero for estimation purposes.
The parameters of interest include fixed effects , parameters , parameters, and parameters. Because the outcome variable can be expressed in a linear function of observables given parameters and an additively separable disturbance, all the parameters can be obtained by applying the within estimator. In order to check tendency hypotheses H2A and H2B, we calculated the conditional expectation function of the outcome variable given different values of distance to goal for continuity specifications. The constant was calculated by fixing other covariates at their means. The standard errors (for calculating 95% confidence intervals) can be derived by using the delta method. The conditional expectation function is:
We also specified the marginal effect function at different values of distance for continuity specifications. Because the curve of conditional expectation function is non-differentiable at the threshold, there is a jump in marginal effect at the same place. The marginal effect function was obtained by calculating the first-order derivative of conditional expectation function with respect to distance (with standard errors calculated).
Results
Before we turn to the our results, some conceptual issues should be clarified. First, notice that our empirical model describes users' responses to incentive hierarchy both before and after reaching goals.
The classical goal-gradient hypothesis suggests that goals motivate users before attainment (Kivetz et al. 2006 ), but it seldom discusses the after-goal situation. The reference point framework enriches literature by extending to user efforts after goal attainment, and accordingly, we hypothesize that individuals should be de-motivated after achieving goals. When testing H2A and H2B, we tracked activities of users who ultimately crossed the threshold in the hierarchy. In other words, we were not only testing short-term impact of "achieving goals," but also investigating the impact of distance to goals on level of effort.
Finally, compared to previous literature on goal pursuit, our research focuses on a novel "hierarchical goal" setting, where another goal exists after one level is achieved.
Effect of First Level Goal
We first analyzed the effect of the first level goal by selecting individual-period pairs with modified total- . We present our results in Table 3 .
[Insert Table 3 about here]
The RD design provides an estimate for the causal effect of reaching the first level goal. In the linear and quadratic model with discontinuity, the coefficients of regressor are significantly negative (-1.8479, p-value<0.001, and -1.2359, p-value<0 .001 respectively), suggesting that the local effect of "achieving goal" is negative. In terms of practical significance, on average, users reduce their level of effort by 1.85 or 1.24 question per week after they reach the first level goal. Hence, H1 is supported. On the other hand, the continuity specification with quadratic distance provides finer details about the users' effort level. In Figure 5 , the left graph illustrates the conditional expectation function of outcome given different distance (note that the horizontal axis is the modified total points) to the goal and the right graph shows the marginal effect function of one unit increase in distance (progress). The dashed vertical line denotes the threshold of goal. To quantify the goal effect, we select several values of distance and calculate conditional expectations and marginal effects with standard errors in parentheses in Table 4 .
[Insert Figure 5 about here] [Insert Table 4 about here]
From Figure 5 , the conditional expectation exhibits a peak near the goal; users first increase before goal attainment and then reduce their effort level after that. Average level of effort monotonically increases before reaching the goal. The average level of effort is 0.08 questions per week when total-point is 0, and it is 1.44 questions when total-point is 49K (1K prior to the threshold). By contrast, level of effort first decreases then increases after attainment of the goal. Quantitatively, when total-point is 51K
(beyond the threshold by 1K) average level of effort is 1.40 questions, while it is 0.60 questions when total-point is 90K (reduced roughly by 57.1%). After that, effort level increases dramatically, possibly due to the effect of second level goal.
In general, marginal effect of distance to goal is significant (it is insignificant at 45K or 49K) and varies by the distance from the first level goal. Tendency hypotheses H2A and H2B predict that level of effort should be higher near the reference point. They are supported in the given interval (between 0K and 90K). Findings on other covariates such as and also offer some interesting insights into user behaviors: users who ask more questions in a given period are also likely to answer more in that period, and users who had been on the site longer tend to exert lower levels of effort. This may reflect user attrition or a more selective behavior in answering questions, or both.
In summary, our analysis of the first level goal in the hierarchy on an unbalanced panel of users demonstrates that users reduce their efforts once they achieve the goal. They increase effort level before reaching the threshold, but decrease after that, lending support to our hypotheses.
Effect of Second Level Goal
We next consider the second level goal by using individual-period pairs with modified total-point ranging from 50K (first level threshold) to 300K (third level threshold). We constructed an unbalanced panel dataset with 134 individuals and 10,180 individual-period pairs. Compared with the first-level goal, the second-level goal is much more difficult for most users, so emotional response driven by reference point should be stronger. Furthermore, having obtained some experience with the first level goal, users can be more aware of the benefit of obtaining ranks in the hierarchy. Users who have never reached the first level goal were automatically excluded, as no observation is available on their behavior in this point range. We estimated a similar set of models and present the results in Table 5 .
[Insert Table 5 about here]
Consistent with the result of the first level goal, the discontinuity specification indicates that the effect of "achieving goal" is significantly negative, with a coefficient of -2.0848 (p-value<0.001) in linear distance measure and -2.4907 (p-value<0.001) in quadratic distance measure. Therefore, H1 is supported in the second level of the incentive hierarchy as well. Based on continuity specification with quadratic distance measure, we illustrate the graphical result in Figure 6 , as well as conditional expectations and marginal effects at various distance values in Table 6 .
[Insert Figure 6 about here] [Insert Table 6 about here]
The graphical result in Figure 6 provides additional, strong evidence for goal pursuit behavior.
The conditional expectation increases in the loss region, while it dramatically decreases after attaining the goal. In Table 6 , when total-point is 100K, the average number of questions attempted per week is 4.30, and it increases to 5.10 when total-point is 149K (roughly by 18.6%), which supports H2A. Then after goal attainment, average number of attempted questions decreases from 5.08 (when total-point equals to 151K) to 3.49 (when total-point is 200K), roughly by 31.3%. Therefore, H2B is supported as well.
Moreover, marginal effect is significant, and consistent with our hypotheses (positive before reaching the goal and negative after). In addition, not surprisingly, effects of and are consistent to the result of first level goal. To sum up, all our hypotheses of goal pursuit are supported for the second level goal.
Robustness Check: Time-based Distance Metric
In the main analysis, we measured users' distance-to-goal using the difference between current modified total-point and goal threshold, which incorporates expected earnings from open questions. An alternative approach, as used in Anderson et al. (2013) , is to use the number of time periods before or after achieving goals as the distance measure (i.e. distance in time). To test the robustness of our findings, we made several changes in our specifications:
The regressor was discarded due to multicollinearity with time distance. The result is consistent with our previous findings, demonstrating that all hypotheses (H1, H2A, and H2B) are supported for both first and second level goals using this time-based distance (See Tables A3 and A4 in Appendix B, to be made available online). The quantitative difference in test results (from the main analysis) may be attributed to the difference in measuring distance to goals, as the literature suggests that different perceptions of goal proximity can lead to different goal pursuit outcomes (Cheema and Bagchi 2011, Liberman and Förster, 2008) .
Although time-based distance specification does not require the calculation of expected incoming points, and yields consistent results, we retain the point-based distance in the main specification for two important reasons. First, the time-based distance metric assumes that users can perfectly anticipate the exact time that they will reach goals. This is more difficult to justify in our research context than the point-based distance metric, because in addition to the difference in cumulative points, this approach further assumes that the answerer knows how soon the askers will accept their answers, the share of assigned points, the grade or evaluation of their answers, the "supply" of questions in future periods, as well as their competition with other answerers. Second, the time-based distance metric cannot be computed for users who are eventually unable to attain the goals, so this specification reduces the sample size and the statistical power of our tests. For these reasons, we retain the point-based distance from goals in our main analysis.
Alternative Tests for H1: Exogeneity Due to the Introduction of Hierarchy
To further test H1, we exploit a natural experiment that took place on this website. In early 2007, the overall performance hierarchy was introduced to the community, creating an exogenous environmental change. This "shock" provided an identification opportunity for impact of obtaining ranks in the hierarchy: users who had accumulated more than 50K points suddenly received a rank, whereas those who had less than those points did not. In effect, this exogenous change randomly assigned the new titles (ranks) to some users, but not the others. We exploit this change in two ways.
First, we created a subsample (subsample #1) that contained users who had more than 50K points before the 2007 event. For these users, we conducted simple within-individual (FE) estimations to obtain an estimate for the effect of hierarchy. In the model that we estimated, the regressor ℎ is an indicator that equals to 1 if the period is after the 2007 shock. To ensure consistency, we also applied pooled OLS and Quasi-Poisson 9 specifications. In all specifications, year dummies were dropped due to multicollinearity, while in the fixed effects model, variable ℎ is not identifiable, since it was time-invariant.
The coefficient of ℎ in fixed effects model is -0.9819 and is significant (In OLS it is -0.8454, while in Quasi-Poisson it is -0.4177. The coefficients are statistically significant in all cases.)
9 Quasi-Poisson regression is more appropriate than Poisson regression, since it adjusts standard errors to overcome over-dispersion.
(See Table 7 ). In other words, users who suddenly received a rank in the overall performance hierarchy when the exogenous shock occurred reduced their level of effort by 0.98 questions per week (marginal effect of fixed effect model) or by 34.31% (marginal effect of Quasi-Poisson model). This is consistent with our previous result in the polynomial models, that "achieving goal" has a negative impact on level of effort. This analysis focuses on users who had more than 50K points before the shock, to allow for within-user estimates.
[Insert Table 7 about here]
The second approach uses a difference-in-differences model. We gathered users who had more than 50K points in the last periods to form a second subsample (subsample #2) with 164 individuals, and put all users into full sample with 1,999 individuals. We thus essentially assigned individual-period pairs with more than 50K points in a treatment group and others in a control group, as a natural experiment. We augmented the previous model by introducing an indicator "having total-point above threshold of 50K ( ℎ )" and an interaction term ℎ × ℎ . If the coefficient of interaction term is significantly negative, it indicates that exceeding threshold has a stronger (negative) effect when a hierarchy program exists, thus verifying the negative impact of the sudden introduction of the hierarchy. Figure 7 illustrates the mean outcome values of observations in treatment and control group for linear models (i.e. OLS and FE specifications).
[Insert Figure 7 about here]
Alternative Specifications
Alternative Dependent Variable: Number of Points Attempted
We previously adopted the number of questions attempted as the outcome variable. Number of points attempted may be another proper measure for level of effort, since users accumulate points to reach goals.
Moreover, because askers assign different points to questions, users might endogenously select questions with more points to participate in. We replicated the main analysis with this new dependent variable for the first level goal (Modified Distance was adopted), and the results remain highly consistent (See Table   A5 in Appendix C). We also conducted this specification for second level goal, and the result is again consistent. Because askers do not pay points to post questions on this website, most of questions are assigned with upper bound amount of points (500 points). Thus, there is no significant difference between the results based on those two alternative dependent variables.
Alternative Dependent Variable: Number of Questions Solved
In the analysis using Original Distance for the first level goal, we uncovered an inverted-U shaped relationship between distance to goal and level of effort before goal attainment (See Appendix A). One may argue that this happens because users learn to answer more efficiently. If so, users can reduce their levels of effort to keep earning the same amount of points. We ruled out this explanation by investigating the impact of original distance to first level goal on actual contribution level, which is measured as the number of questions solved (i.e. number of successful attempts; see Table A6 in Appendix C). Not surprisingly, the result is consistent with previous analyses focusing on number of questions attempted.
Therefore, users reduce effort before gathering enough actual points for the first level goal, but not because they can keep the same contribution level by answering more efficiently.
Alternative Model: Cross-Sectional Analysis
Although the fixed effects model yields within-individual estimate, it does not take between-individual variation into consideration. To verify the between-individual effect of first level goal, we specified a cross-sectional model with modified distance and an indicator of attaining the first level goal as the main independent variables. In a short time window (we tried two-week and four-week windows) just after the shock, we investigated behavior of users who had less than 150K points. Based on different distributional assumptions, we conducted both pooled OLS and Quasi-Poisson regression specifications. We present OLS result in Table 8 and Quasi-Poisson result in Table 9 . Table 8 about here] [Insert Table 9 about here]
The result indicates that correlation between effort level and modified distance to goal is positive (whether before or after goal attainment), which is different from the result of within-individual specifications. This is not surprising because users with higher effort levels are more likely to have higher total-point values. With indicator , the effect of "achieving goal" is significantly negative.
This impact is also economically remarkable, because its marginal effect is about 3.69 questions (reduction) over two weeks, or 5.60 questions over four weeks. The result of Quasi-Poisson regression yields marginal effect of about 89% decline in two weeks and 86% in four weeks. In conclusion, crosssectional analysis verifies the short term negative effect of achieving goals (i.e. H1 is supported), while the tendency hypotheses are not fully supported. The effects of control variables and are again consistent with the results of within-individual models.
Discussion and Conclusion
In this study, we examined the effect of incentive hierarchy on user contribution in an online knowledge exchange by drawing on goal-setting theories (summarized in Table 10 ). We also showed the importance of taking incoming points into consideration. Our results indicate that individuals exert more effort before reaching goals, but lower effort level after that. While incentive hierarchies are intended to induce user efforts, they seem to be only doing so when users are close to the goal thresholds, and before they reach those goals. In other words, the overall impact appears to be temporary.
[Insert Table 10 about here]
Nonetheless, there are many things that designers of UGC sites can do to mitigate these unintended negative effects. Most notably, when goals are excessively difficult, individuals may exhibit stronger loss aversion, and their performance (and level of voluntary contribution) will suffer (Earley et al. 1989 , Wu et al. 2008 . Managers should better design the difficulty of k-th level rank to fit abilities of individuals who have reached the (k-1)-th level rank. This can be achieved by reducing the distance to the next level of goals, or rewarding more "points" for each unit of effort exerted. Such examples can be found in online games (where high-level players are allowed to work on more difficult tasks associated with more points, thus effectively reducing the actual work load for next level goals), or airline customer loyalty programs (where higher-level customers can earn more points for each purchase).
Our study can be extended in several directions for future research. In our research design, we attributed changes in effort level to changes in relative distance to goals. Although we controlled for many factors, levels of effort may still exhibit some natural trend even without the hierarchy. To check this, we examined trend of effort levels using individual-period pairs before the introduction of the hierarchy program. We find the average effort level is slightly decreasing as total-point increases near thresholds, and there is no significant jump (or "kink") at the thresholds (i.e. 50K and 150K; see Appendix D). This serves as a counterfactual analysis for our study, but future research with larger samples over longer periods of time can better address the trend issue in user contributions. Second, there remains some data limitations despite our best efforts. Our original random sample contained 2,000 users drawn from a master list of answerers provided by the website. However empirical tests on the effect of incentive hierarchies can only be tested on a subset of users, such as those who were ultimately able to attain those goals. Consequently, the empirical results are generated from unbalanced panels with relatively few individuals. Though statistical power is large enough for drawing conclusions, the small sample of users does not allow us to conduct more robust specifications (e.g. RD design with narrow bins). Finally, because very few users had attained higher levels in the incentive hierarchy beyond the first two, we cannot test our hypotheses for higher levels.
Despite these limitations, our study provides new empirical evidence on the effect of incentive hierarchy on users' contributing behavior at UGC websites. It also contributes to the IS literature by utilizing goal pursuit behavior in explaining motivation and contribution in online knowledge exchange.
More broadly, it also informs the practice of other forms of user and customer interactions, such as crowdsourcing, open innovation contexts, and more broadly the recent trend of "gamification" in various contexts. Although the "public goods" problem of user contribution is less salient in some of those contexts since users are able to internalize more of their efforts, how incentive hierarchies interact with user motivations to induce their efforts can be a rich area for future research. Number of weeks user i has been in market since registration at time t (974) 96267(974) 96267 (974) 96267 (974) (134) 10180 (134) 10180 (134) 10180 (134) 10180 (134) 27549 Note: H1 is supported by the exogenous shock model and all the alternative specifications. * "Modified points" refers to the modified point-based distance, which takes into account the number of actual points that the answer had received, as well as the "incoming" points for questions already answered but the askers had not chosen a solution.
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Appendix A 1 . What happens when we do not consider "Incoming Points"?
When calculating the distance of goals in our main analysis, we argue that users take into account not only the actual number of points that they had earned, but also the "expected" number of points (incoming points) for questions that they had answered in the previous period.
We now consider an alternative measurement of the distance from goals. If users are motivated only by the actual number of points that they have been rewarded, but not the incoming points, then we should observe similar results as reported in our main analysis, i.e. users should increase their efforts all the way up until they reach their goals. This did not turn out to be the case. Specifically, we apply a modified distance metric (based on actual points only, excluding incoming points) to the first level goal, and report the results in Table A1 and Figure A1 . Table A1 about here] [Insert Figure A1 about here]
[Insert
We can see from Figure A1 that under this "naïve" distance metric, users increase their efforts only up until a certain distance below the threshold of the first goal. They start reducing their efforts even before the goal is reached. The most plausible explanation for this observation is that users actually can "learn" from their past performance and reach an "expectation" of the number of points that they could earn from questions that they answered previously, even though those questions are still open and the askers had not accepted a solution. In other words, these results lend support to our argument in the main analysis that incoming points-points associated with questions that users had exerted effort on, but had not been rewarded by askers-should indeed be included in the consideration of distance from goals.
1 All appendices are to be made available online and also directly from the authors. 2 Results are qualitatively similar for the second-level goal, though the curvature is less prominent due to fewer observations. 96267 (974) 96267 (974) 96267 (974) 96267 (974) 96267 (974) 13895 (127) 13895 (127) 13895 (127) 13895 (127) 13895 (127) (54) 4527 (54) 4527 (54) 96267 (974) 96267 (974) 96267 (974) 96267 (974) 96267 (974) 96267 (974) 
